Abstract: Perception, planning, and control are three enabling technologies to achieve autonomy in autonomous driving. In particular, planning provides vehicles with a safe and collision-free path towards their destinations, accounting for vehicle dynamics, maneuvering capabilities in the presence of obstacles, traffic rules, and road boundaries. Existing path planning algorithms can be divided into two stages: global planning and local planning. In the global planning stage, global routes and the vehicle states are determined from a digital map and the localization system. In the local planning stage, a local path can be achieved based on a global route and surrounding information obtained from sensors such as cameras and LiDARs. In this paper, we present a new local path planning method, which incorporates a vehicle's time-to-rollover model for off-road autonomous driving on different road profiles for a given predefined global route. The proposed local path planning algorithm uses a 3D occupancy grid and generates a series of 3D path candidates in the s-p coordinate system. The optimal path is then selected considering the total cost of safety, including obstacle avoidance, vehicle rollover prevention, and comfortability in terms of path smoothness and continuity with road unevenness. The simulation results demonstrate the effectiveness of the proposed path planning method for various types of roads, indicating its wide practical applications to off-road autonomous driving.
Introduction
Autonomous driving has had strong potential in the field of industry in recent years, and the technique has been improved since the late 1990s. In 1997, Demonstrations on California highways proved that autonomous cars can drive on a highway with magnets. Currently, Tesla has equipped its Model S car with a self-driving system, the "autopilot system". With the improvement of the autonomous driving system, more challenges show up for autonomous vehicles in real-time problems, particularly for off-road autonomous driving with road unevenness [1] [2] [3] .
Perception, planning, and control are three critical components in autonomous vehicles [4, 5] . Especially, the planning part makes the vehicle able to decide the path itself [6] . A path planning [7] algorithm for autonomous driving is usually divided into global and local stages. In the global stage, a global route and vehicle states are determined through information from a digital map and a localization system. In the local stage, local paths can be generated to avoid collisions based on the global route and surrounding information from sensors such as LiDARs and cameras. The study of this paper focuses on local path planning methods for vehicles on a predefined uneven global route.
• To the best of our knowledge, this paper is the first time the vehicle rollover model has been introduced into path planning for off-road autonomous driving to enhance its safety. • A path generation method is developed to generate a set of 3D path candidates following the off-road baseline. • For each path candidate, a cost function to measure its driving comfortability is proposed with the consideration of road unevenness and path curvature. • A cascaded path selection algorithm is developed in this paper to select the optimal path candidate in terms of rollover-free and collision-free safety and comfortability.
The remainder of this paper is organized as follows. Section 2 describes the vehicle rollover challenge for off-road driving and TTR models for rollover avoidance purposes. Section 3 presents the path planning framework, which incorporates TTR models for path selection. Section 4 gives the details of the computational simulations and experimental results. Section 5 concludes the proposed off-road path planning approach and discusses our future work.
Time-to-Rollover Model
A major concern for autonomous driving is to drive safely with the goal of reducing the probability of accidents. In the autonomous driving literature, two types of techniques that can predict vehicle motions for accident avoidance have been widely used [19] : the time-to-collision (TTC) and time-to-lane-crossing (TLC) models. For off-road autonomous driving, this paper introduces the TTR (i.e., time-to-rollover) model to further enhance the safety of autonomous driving with the incorporation of 3D mapping information around the vehicle [20] .
Introduction to the Time-To-Rollover Model
In the U.S., thousands of people are killed in road accidents every year. Among those accidents, records from the National Highway Traffic Safety Administration [21] show that 90% of the harmful events of non-crash accidents are caused by rollover. For off-road driving, there is a higher potential for rollover accidents, considering the uneven road with different types of obstacles or slopes, which are usually not considered in highway driving.
The boundary condition for a vehicle rollover is that tire lift-off happens, which we need to predict and avoid in the path planning algorithms for off-road autonomous driving. The "time-to-rollover" model is thus also known as the "time-to-tire-lift-off" [22] . For a given vehicle's physical model (e.g., size and tire pressure) and its current states (e.g., orientation and speed), as well as its surrounding environment (e.g., obstacle/hole size and slope), we can compute the time that it takes for the vehicle to reach the rollover boundary condition, i.e., the critical rollover angle.
Rollover Model
In this paper, we employ the simple rollover with the consideration of both stiffness and rigid suspension of the vehicle [23, 24] . The input of the simple rollover model is the steering angle, while other inputs, such as the driver's braking and road superelevation, are neglected. Two important rollover condition measurements, including the roll angle and roll rate of the vehicle, are output in this rollover model. Figure 1 shows the configuration of two rollover models, in which Model "A" (also known as zero degrees of freedom (DoF)) is a single-unit rigid vehicle without the consideration of tire compliance and Model "B" includes tire compliance producing a 1DOF model. In Model A, the autonomous vehicle's tractor and trailer are lumped into one unit, which will lift-off at φ equal to zero when there is a vertical force. To predict the rollover of a vehicle that drives in an uneven off-road surface with obstacles and slopes in a more practical and significant way, Model "B" is used to measure the vehicle's roll angle for the tire lift-of condition in this paper. For Model "B" in Figure 1 where we denote the vehicle total weight by W, the half width of the vehicle by T, and the half height of the vehicle by h, from the rollover boundary condition, we have:
where a y is the lateral acceleration, which is normalized by gravity g, K 0 is the tire stiffness, and φ is the spring mass roll angle. From the above equation, when tire lift-off happens, the normal force of the inner tire becomes zero, and we have:
Thus, we can calculate the critical roll and acceleration values, which are given as follows:
In Equation (2) , the boundary condition for tire-liftoff is related to the critical roll and accelerations values. In this paper, a constant speed autonomous vehicle is discussed, and the time-to-rollover T will be linear to the critical roll value φ. Two different types of obstacles over which the vehicle drives are shown in Figure 2 , where the left one is the case that the vehicle runs into a pit and the right one is the case that the vehicle runs over an obstacle. In this paper, we use the Forrest unmanned model car's information from the Center for Advanced Vehicular Systems [25] [26] [27] [28] developed at Mississippi State University in our computer simulation for path planning, which has the following vehicle parameters: W: 5200 lb, T: 67.0 inch, h: 66.0 inch, and K 0 : 25.0 kg/mm. 
Rollover-Free Local Path Planning
This section describes the proposed local path planning method with the incorporation of the vehicle rollover model, also called the rollover-free local path planning method, to build a safe and comfortable path under an appropriate speed and acceleration from an initial location to a destination. The algorithm method aimed to solve a 3D uneven local path planning problem based on a global route and map [29] . With the wide installation of LiDARs and cameras in most autonomous vehicles, we assumed that the 3D occupancy map was generated as the input to the local path planning method. The flowchart of the proposed rollover-free path planning method is given in Figure 3 . For a given local road data, i.e., 3D occupancy map with open space and obstacles, we first generated the baseline that describes the curvature of the open space. Based on the current vehicle location and baseline, a group of path candidates were generated, and the optimal path that was collision-and rollover-free and most smooth was selected by evaluating the cost function of all path candidates. 
Off-Road Baseline Construction
Taking the continuity of the first and second derivatives of the curve and computational complexity into consideration, we built a parametric cubic spline to represent the road (i.e., drivable open space) and its baseline. Because the autonomous vehicle usually travels on a route that is not often a regular line, which means the parameter of a typical cubic spline has weak physical meaning, it is also difficult to directly represent the baseline for path planning [30] . The driving path of the autonomous vehicle in this paper is a curve, and the arc length denoted as s is the typical parameter for describing a curve. We used the method of quadrature to calculate the arc length of all segments from the center way-point [31] . The spline can be expressed as Equation (4) [32] .
where (x 0 , y 0 ) is the Cartesian coordinates of the baseline and a x , b x , c x , d x , and a y , b y , c y , d y are the coefficients. As shown in Figure 4 , the baseline of the bounded road can be divided into many segments by the center way-points. From Equation (4), each road segment can be described by a cubic spline. We also define a p(s, ρ) point system for any point p 0 in the plane, which has an offset distance ρ from the baseline. Thus, we can transform the Cartesian coordinates (x, y) into the s − ρ coordinates [33] . With the s − ρ coordinates, we use two additional parameters: the heading θ 0 and the curvature K b , to describe the path curve, which can be computed using the first and second derivatives of the cubic spline's variable s. θ 0 can be written by Equation (5),
and K b can be written by Equation (6),
where x 0 , y 0 , x 0 , y 0 are the first and second derivatives of x 0 and y 0 with respect to s.
Path Candidates' Generation
As shown in Figure 5 , ρ start and ρ end are the start and end points, respectively, on the baseline in each iteration. Each path candidate has the same travel distance ∆s f , and we use different offsets ρ from the baseline to generate different path candidates. The following equation is used to describe the relationship between the travel distance s and the offset ρ.
In Figure 5 , the arc length s start and offset ρ start at the current location are given by the position on the baseline. The angle Φ is defined by the difference between the autonomous vehicle heading angle and the tangent angle of the baseline. In this situation, the boundary condition can be described as Equation (8):
Thus, {a, b, c, d} are parameters in Equation (7) that can be calculated with the road information condition in Equation (8) when the offset at the endpoint ρ end is specified. As shown in Figure 6 , an example of generating the base frame and building path candidates from the center base frame is introduced. This generating process is based on Equations (4)- (8): Firstly, the input data from the autonomous vehicle's sensors and LiDARs are the local off-road boundary; secondly, a s − ρ coordinates system could be transferred from the Cartesian coordinates road base frame from Equation (4); thirdly, local path candidates in the s − ρ coordinates system are generated by Equations (5)- (8) . The generated path candidates' ranges are related to the shape and range of the local map. Usually, it will be as close as possible to the local road boundary in order to cover a bigger planning space in the local map. With Equation (7), the path candidates are generated in the s -ρ coordinate system, and they will have to be remapped back to the Cartesian coordinate system so that the vehicle can follow it. As the path candidates are related to the arc length of the baseline, the Cartesian coordinate system value can be represented with s of the baseline [34] as follows in Equations (9)- (11) dx ds = A cos θ (9)
where κ is defined as Equation (12),
In Equations (9)- (11), A and B are defined as Equation (13),
where the function of sgn(1 − ρK b ) is −1 when 1 − ρK b < 0, 1 when 1 − ρK b > 0, and 0 when 1 − ρK b = 0. From Equation (9)- (13), we can calculate the Cartesian coordinates (x, y) and the angle θ for each point of the path candidate.
Path Selection Algorithm
Once a group of path candidates is generated with the vehicle's current position and the road baseline, the goal of the path selection algorithm is to select the optimal one that is safe and comfortable to drive, where additional information of an uneven road surface such as obstacles and slopes will be considered. The strategy is to build cost functions in terms of safety and comfortability for each path candidate. In particular, both collision and rollover avoidance were considered in the safety cost function, and both the smoothness and continuity of each path candidate and path unevenness were considered in the comfortability cost function. A two-step cascaded method was used to combine these two cost functions for path selection. A detailed description of these two cost functions is given below.
Cost Function for Driving Safety
To ensure the safety of autonomous driving, the selected path has to be collision-and rollover-free and stay in the local road map. Thus, we consider road range, obstacles, and pits on the road to check the safety of each path candidate.
First of all, each path candidate needs to be checked to determine whether it will run out of the local map. If the path is out of our local map, we set its cost function to the highest value of one.
Secondly, we need to check if a vehicle collision and/or rollover will occur or not for each path candidate. In this paper, we mostly focus on three road conditions in the cost function. At first, each path candidate should be checked for a collision by calculating the entrance and departure angle to the obstacles. If our autonomous vehicle is not able to pass the collision check, there would be no need to build the vehicle rollover model in that situation, thus saving the computational cost. As shown in Figure 7 , we used the Cartesian coordinate system to analyze the vehicle moving condition. If there is overlap between the obstacle and the selected path, the obstacle collision will happen, and the highest cost value of one will be assigned to the path candidate. . Path candidate and baseline system: the path candidate route follows K(s), which has a close road curvature as the baseline K b (s) [35] .
If there is no obstacle collision, we then check every path candidate's rollover risk. From Equations (1)- (3), the boundary condition we consider in this paper for a vehicle rollover event is the rollover boundary angle φ 0 . If φ 0 is greater than φ, there would be a high rollover risk, and one has to avoid such a path candidate. To enhance the driving safety, those path candidates that are close to the path leading to a collision or rollover risk are also assigned with the highest risk of one. Mathematically, for the i th path candidate, we define the cost function for the safety f s (r i ) as follows in Equation (14):
if out of map 1 else if obstacle collision 1 else if rollover 0 otherwise (14) Suppose that N path candidates are generated at each time step, denoted by R = {r 1 , r 2 , · · · , r N }. For those path candidates that have a safety cost of one, the set of which is denoted by F , we will remove them from further consideration, i.e., R = R − F . For the remaining path candidates that are safe to drive, we further consider their comfortability, which are measured by curve smoothness and continuity, as described next.
Cost Function for Comfortability
For each path candidate that is safe to drive, we further measure its driving comfortability in terms of its smoothness and continuity, as well as its vertical variation. We define the cost function for comfortability as below:
where f c (r i ) is the total comfortability cost for the path candidate r i , which consists of two parts: the smoothness cost f s (r i ) and the vertical cost f v (r i ), weighted by the weights w s and w v , respectively. In this paper, w s = 0.5 and w v = 0.5 are used for experimental validation, indicating that each of them contributes equally to the total comfortability cost. Firstly, if the vehicle runs in a curve with a sharp turn, the passengers easily feels uncomfortable. In this condition, as the smoothness will be directly impacted by the curvature of the path candidates, we will consider the integration of a squared curvature along the length arc s as the smoothness cost for each path candidate, which is given as follows: (16) In this equation, f s (r i ) is the smoothness cost value of a path candidate r i and K i (s) is the curvature for the path candidate as a function of the path arc length s.
Secondly, if the vehicle runs on an uneven terrain, the autonomous vehicle will certainly encounter the situation that there are some vertical changes that make passengers uncomfortable. This also happens when it runs through some obstacles and pits that are safe to pass. For a given 3D local map, the vertical change of a path candidate can be measured with its standard deviation σ(r i ) as the cost function:
In summary, in our method model, we applied a two-step cascaded mechanism to select the optimal path. In other words, the driving safety was firstly checked, and then, its driving comfortability was further considered. We summarize the pseudocode for path selection with the two cost functions in Algorithm 1: "path candidate selection algorithm for off-road autonomous driving". Remove candidate r i from input set R
5:
else if Rollover Check is TRUE then 6: Remove candidate r i from input set R
7:
end if 8: end for 9: # Driving Comfortability Check 10: for r k in Set R do 11: Calculate smoothness cost f s (r k ) using Equation (16) 12:
Calculate vertical change cost f v (r k ) using Equation (17) 13:
Calculate the total cost: f c (r k ) = w s f s (r k ) + w v f v (r k ) 14: end for 15 : Output: A selected path candidate r * that produces the minimum f s : r * = arg min
Experimental Results and Analysis
Simulations on MATLAB environment are introduced in this section to validate the effectiveness of the proposed collision-free and rollover-free local path planning algorithm in an off-road environment with several uneven obstacles. The cost function analysis is also given under these different road conditions. For all the simulation figures shown in this section, all path candidates are presented as multiple solid blue lines; the baseline is presented as red stars; and the obstacles are represented as circles. For obstacles that can cause collision risk, the color of the circles is filled with red; for those that can cause rollover risk, the color is set as green; and for those that are safe to pass through, they are shown as transparent circles. The selected path candidate in our simulation is presented as the bold solid blue line. A histogram for discrete sequence data is also given for cost function analysis in each path selection process.
We first show two single static obstacle problems with our path planning algorithm in Figure 8 . In Figure 8b , the obstacle filled with red indicates an obstacle that is over the road and causes a collision risk. A path candidate that avoids the risk obstacle is selected based on the minimal comfortable risk result, which is shown in Figure 8c , and the comfortability cost function Equation (16) is related to the candidate length s. In this experiment, the lowest comfortability cost index without collision risk was 10, so we chose the tenth path candidate for decision making. In Figure 9a , the rollover risk is taken into consideration as the autonomous vehicle passes over a hole that is too deep to avoid vehicle rollover risk. The single obstacle filled with green color indicates a static uneven pit on the road. The path selection strategy is similar to the previous collision risk model, and the result is shown in Figure 9b . For obstacles that can cause collision risk, the color of the circles is filled with red; for those that can cause rollover risk, the color is set as green; and for those that are safe to pass through, transparent circles. The selected path candidate in our simulation is presented as the bold solid blue line. In Figure 10 , simulations under two types of A * optimal path generation methods [36] are introduced and compared with our proposed method. The optimal path generated by the basic A * algorithm [37] is shown as the solid red line, and the one under the dynamic A * algorithm [38] is shown as the solid black line. The optimal path selected by our proposed method is shown as the bold blue line. We can tell from the simulation results that both basic and dynamic A * methods attempted to find a shortest path between the start point and target by avoiding obstacles. It can be demonstrated that our proposed path planning algorithm had the following advantages, compared to the A * method:
• Firstly, compared to the A * method, the path candidates generated by our method were able to follow the curvature of the baseline using the s − ρ coordinate. This makes the generated paths have less turns on the map, which means it will be more comfortable for passengers in our autonomous vehicles. • Secondly, the A * method was less efficient at determining the heuristic value when an obstacle was safe to pass, but needed more calculations on the vertical comfortability comparison. However, in our method, we built a good path selection model to find the best path candidate in a local 3D map.
As shown in Figure 11a , we imported an XY view to introduce the multiple obstacle passing situation more clearly. The lighter color view indicates that there is an obstacle, i.e., higher than the road surface or z > 0, and the darker color indicates that there is a pit/hole, i.e., lower than the road surface or z < 0. In Figure 11b , the proposed path planning algorithm can be also applied to the road with multiple obstacles. There are three obstacles on the road: an obstacle that can cause collision risk colored in red, an obstacle that can cause rollover risk colored in green, and the third obstacle that is safe to pass. In the rollover and collision check part, we can tell by analysis of Figure 11c that only one obstacle is safe to pass, which is the same as the condition we described before. According to the comfortability cost analysis, the optimal path candidate with the minimum comfortability cost is finally selected. Figure 10 . Comparison between basic A*, dynamic A* and the method in our paper. The obstacles are represented as circles. For obstacles that can cause collision risk, the color of the circles is filled with red; for those that can cause rollover risk, the color is set as green; and for those that are safe to pass through, transparent circles. The method under basic A* is shown by the solid red line; the method under dynamic A* is shown by solid black line; and the method we introduced in our paper is shown by the bold blue line.
Meanwhile, we conducted simulations by changing the depth of each obstacle and their locations between rollover risk obstacles, collision risk obstacles, and non-rollover risk obstacles. The result showed that in each test, our autonomous vehicle could find the optimal path by our path selection algorithm. The results are shown in Figures 12 and 13 .
From Figure 14 , we introduce a test while our autonomous vehicle passes through a curve with multiple static obstacles. In Figure 14a , compared to previous straight line simulations, the proposed path planning algorithm method could be applied to a curve with multiple obstacles. In Figure 14b , the collision and rollover cost function and comfort cost function analysis are introduced. From the comfort analysis, it was indicated that the comfort cost when our autonomous vehicle passed a curve had a higher average cost than when it passed a straight line. This higher average result fits the real-world situation and makes our model more realistic. We also introduced a comparison between the A * optimal path generation methods and our autonomous path planning methods, and the result emphasized the first conclusion we made between these two methods. The path candidates generated by our method were able to follow the curvature of the baseline using the s − ρ coordinate. This makes the generated paths have less turns on the map, which means it will be more comfortable for passengers in our autonomous vehicles.
The fourth experiment introduced a test under the road roughness environment. In this situation, we randomly built 100 bumps that were all safe to pass and tested the relationship between the smoothness cost function and the vertical change cost function. The result is shown in Figure 15 . We can find from Figure 15b that the best path candidate was Candidate 8. Although Path Candidate 11 had the best performance in the smoothness cost function, it had a higher variance in the vertical change cost function.
The last experiment introduced a test under the road roughness and rollover and collision check environment. In this situation, we randomly built 100 bumps, part of which were safe to pass, while others led to a collision or rollover risk. The result is shown in Figure 16 . We can find from Figure 16b that the best path candidate was Candidate 12. Although Path Candidate 10 had the best performance in the comfortability cost function, it could not pass the collision and rollover check. In this paper, we used Equation (15) to calculate the total comfortability cost function, and we used Equation (14) to calculate the collision and rollover risk cost function. The selected path could both avoid collision and rollover risk and have the best comfortability performance among all safe path candidates. This simulation result indicated that our path planning algorithm can be applied in a complex off-road environment. 
Discussions
In this section, we discuss the computational cost of the proposed rollover-free path planning algorithm and its potential applications in real-world off-road autonomous driving.
Firstly, the computational cost of the proposed path planning algorithm mainly came from two parts: path candidates generation and optimal path selection. To generate a set of N path candidates, each of which consists of K points, the computational cost was O(NK), and the optimal path selection process had a computational cost of O(N). The total of the computational cost would be at the scale of O(NK).
Secondly, the path planning algorithm proposed in this paper relied on the construction of the local 3D occupancy map, which was not the scope of this paper. Currently, most autonomous vehicles are equipped with various kinds of sensors, including LiDARs and stereo cameras, which are able to rebuild a 3D scene of the road. However, it is possible that the shape of some obstacles such as ditches is partially observed, and the missing information such as depths should be estimated. There are two types of methods [39, 40] : model-based and learning-based methods to estimate the depth of a ditch. The model-based approach typically assumes that the shape of an obstacle follows a geometrical model, and its unknown parameters can be estimated with partial observations, while the learning-based approach aims to learn a predictive model from raw sensory data and predicts the missing part for a given observation. Once the shape of a ditch is estimated, our vehicle rollover model can be applied to access the risk of vehicle rollover.
Lastly, this paper applies computational simulation techniques to validate the effectiveness of the proposed path planning approaches. Using real-life road data is also of great interest for our future work. However, we also would like to emphasize that computational simulation is preferred for our rollover-free path planning algorithms in off-road autonomous driving, because the safety risk of vehicle rollover is too high in real-life experiments.
Conclusions and Future Work
This paper presented a rollover-free path planning method for autonomous driving in an off-road condition with uneven obstacles. First, we built up a rollover model for vehicles running over an obstacle, and then, incorporated it into a local path planning framework, which generated a set of path candidates and selected the ideal path for motion planning. In the path candidate generation, a coordinate transfer from the Cartesian coordinate system to the s − ρ system was applied to describe the information for each path candidate aligned with the baseline. In the path selection, we developed a cost function to select the best candidate in terms of safety, collision, rollover, and smoothness of the path. This function led to the result that the autonomous vehicle could drive safely and tried to follow the curvature of the baseline during driving.
We tested the proposed local path planning using computational experiments with varied road shapes, different sizes and heights of obstacles, and single and multiple obstacles. The results of these experiments showed that our method could identify and choose a safe and smooth path candidate to guide the autonomous vehicle to drive safely and comfortably. Although this paper only considered static obstacles, the proposed method can be easily extended to moving obstacles such as pedestrians and animals, which is a part of our future work. Moreover, in the near future, we also plan to test the performance in a real autonomous vehicle driving in an off-road track. 
